The purpose of this paper is the detection of salient areas in natural video by using the new deep learning techniques. Salient patches in video frames are predicted first. Then the predicted visual fixation maps are built upon them. We design the deep architecture on the basis of CaffeNet implemented with Caffe toolkit. We show that changing the way of data selection for optimisation of network parameters, we can save computation cost up to 12 times. We extend deep learning approaches for saliency prediction in still images with RGB values to specificity of video using the sensitivity of the human visual system to resid- increase up to 16% on a sample of video clips from this dataset.
Introduction
Deep learning has emerged as a new field of research in machine learning, providing learning at multiple levels of abstraction for mining the data such as images, sound and text [1] . Although, it is hierarchically created usually on the basis of neural networks, deep learning presents a philosophy to model the complex relationships between data [2] , [3] . Since recently, deep learning has become the most exciting field which attracts many researchers. First, to understand the new deep networks in itself ( [4] , [5] , [6] , [7] , [8] , [9] , [10] ,), such as the important question in building a deep convolutional network, is the optimization of pooling layer [11] . Second, to use that deep network in their original domain such as object recognition [12] , [13] , [14] , [15] , multi-task learning [12] . As a definition, neural networks are generally multilayer generative networks formed to maximize the probability of input data with regard to target classes.
The predictive power of Deep Convolutional Neural Networks (CNN) is in-
teresting for the use in the problem of prediction of visual attention in visual content, i.e. saliency of the latter. Indeed, several saliency models have been proposed in various fields of research such as psychology and neurobiology, which are based on the feature integration theory ( [16] , [17] , [18] , [19] , [20] , [21] , [22] , [23] , [24] , [25] , [26] , [27] ,..). These research models the so-called "bottom-up" saliency with the theory that suggests the visual characteristics of low-level as luminance, color, orientation and movement to provoke human gaze attraction [28] . The "bottom-up" models have been extensively studied in the literature [28] . They suffer from insufficiency of low-level features in the feature integration theory framework, especially when the scene contains significant content and semantic objects. In this case, the so-called "top-down" attention [29] be-comes prevalent, the human subject observes visual content progressively with increasing the time of looking of the visual sequence. Supervised machine learning techniques help in detection of salient regions in images predicting attractors on the basis of seen data [30] . Various recent research is directed towards the creation of a basic deep learning model ensuring the detection of salient areas.
We can cite here [31] , [32] and [30] . While a significant effort has been already done for building such models from still images, very few models have been built for video content for saliency prediction with supervised learning [33] . It has a supplementary dimension: the temporality expressed by apparent motion in the image plane.
In this paper, we present a new approach with Deep CNN that ensures the learning of salient areas in order to predict the saliency maps in videos. The paper is organized as follows. Section 2 describes the related work of different deep learning models used to detect salient areas in images or to classify images by content. Section 3 presents our proposed method for detection of salient regions with a deep learning approach. Pixel-wise computation of predicted visual attention/saliency maps is then introduced. In section 4 we present results and comparison with reference methods of the state-of-the-art. Section 5 concludes the paper and outlines the perspectives of this research.
Related work
Deep learning architectures which have been recently proposed for the prediction of salient areas in images differ essentially by the quantity of convolution and pooling layers, by the input data, by pooling strategies, by the nature of the final classifiers and the loss functions to optimize, but also by the formulation of the problem. The attempt to predict visual attention reveals the binary classification problem of areas in images as "salient" and "non-salient". It corresponds to the visual experiment with free instructions, when the subjects are simply asked to look at the content. Shen [31] proposed a deep learning model to extract salient areas in images. It allows firstly to learn the relevant char-acteristics of the saliency of natural images, and secondly to predict the eye fixations on objects with semantic content. The proposed model is formed by three layer sequences of "filtering" and "pooling", followed by a layer of linear SVM classifier providing ranked "salient" or "non-salient" regions of the input image. With the filtering by sparse coding and the max pooling, this model approximates human gaze fixations.
In Simonyan's work [32] the saliency of image pixels is defined with regard to a given class in image taxonomy as a relevance of the image for the class.
Therefore the classification problem is multi-class, and can be expressed as a "task-dependent" visual experiment, where the subjects are asked to look for an object of a given taxonomy in the images. The creation of the saliency map for each class using deep CNN with optimisation of parameters by stochastic gradient descent, presents the challenge of this research [32] . After a step of generating the map that maximizes the score of the specific class, the saliency map of each class is defined by the amplitude of the weight calculated from the convolution network with a single layer.
The learning model of salient areas proposed by Vig [30] tackles prediction of saliency of pixels for a human visual system (HVS) and corresponds to a free-viewing visual experience. It comprises two phases. First, a random bank of uniform filters is used to generate multiple representations of localized input images. The second phase provides the combination of different localized representations. The training step is summarized by the random token, from the combined representation of each image, of regions composed of ten pixels, and granted to each region a saliency class by reference to the density fixations map. The integration of this set in a SVM classifier allows the creation of the learning model. The learning model of salient areas is composed by the SVM trained on the combination of feature maps that are obtained using of different architectures of deep network.
In our work we also seek for predicting saliency of image regions for HVS.
While in [32] only primary RGB pixel values are taken for class-based saliency prediction, we use several combinations of primary (input) features such as residual motion and primary spatial features, inspired by feature integration theory as in [34] , [27] , [35] , [26] . The sensitivity of HVS to residual motion in dynamic visual scenes is used for saliency prediction in video [26] . For training of deep CNN in our two class classification problem we use human fixations maps as in [30] to select positive and negative samples.
Prediction of visual saliency with deep CNN
Hence we design a deep CNN to classify regions in video frames into two classes salient and non-salient. Then on the basis of these classifications, a visual fixation map will be predicted. Before describing the architecture of our proposed deep CNN, we introduce the definition of saliency of regions and explain how we extract positive and negative examples for training the CNN.
Extraction of salient and non-salient patches.
We define a salient patch in a video frame on the basis of interest expressed by the subjects. The latter is measured by the magnitude of a visual attention map built upon gaze fixations which are recorded during a psycho-visual experiment in free-viewing conditions. The maps are built by the method of Wooding [36] . Such a map represents a multi-Gaussian surface normalized by its global maximum. To train the network it is necessary to extract salient and non-salient patches from training video frames with available Wooding maps. A squared patch P of parametrized size t × t is considered "salient" if the visual attention map W value in its center is above a threshold. A patch P is a vector in R t×t×n , where n stands for the quantity of primary feature maps serving as an input to the CNN. In case when RGB planes of a colour video sequences are used, n = 3.
The choice of the parameter t obviously depends on the resolution of video, but also is constrained by the computational capacity to process a huge amount of data. In this work we considered t = 100 for SD video. More formally, a binary label is associated with pixels X of each patch P i using equation (1):
with (x 0,i , y 0,i ) the coordinates of the center of the patch. We select a set of thresholds, starting by the global maximum value of the normalized attention map and then relax threshold as in equation (2):
Here 0 < < 1 is a relaxation parameter, j = 0, · · · , J, and J limits the relaxation of saliency. It was chosen experimentally as J = 5, while = 0.04.
In such a manner, salient patches are progressively selected up to non-salient areas, where non-salient patches are extracted randomly. The process of extraction of salient patches in the frames of training videos is illustrated in figure   1 .
The tables 1, 2 present the group of salient patches on the left and nonsalient patches on the right, each row presents some examples of patches taken from each frame of video sequence denoted by "SRC" in IRCCYN 1 dataset, and "actioncliptrain" in the HOLLYWOOD 2 data set.
Primary feature maps for saliency prediction in video
On the contrary to still natural images where saliency is "spatial", based on color contrasts, saturation contrasts, intensity contrasts · · · , the saliency of the video is also based on the motion information of the objects with regard to the background. Therefore, in the following we present primary motion features we consider and then briefly describe spatial primary features (colours, contrasts)
we use. 
Motion feature maps
Visual attention is not attracted by the motion in general, but by the difference between the global motion in the scene, expressing the camera work, and the "local" motion, that one of a moving object. This difference is called the "residual motion" [22] . To create the feature map of residual motion in videos, we used the model developed in [37] , [22] , [38] . This model allows the calculation of the residual motion in three steps: the optical flow estimation
the estimation of the global motion − → M θ (x, y), from optical flow accordingly to the first order complete affine model θ and finally, the computation of residual motion according to equation (3):
The sensitivity of HVS to motion is selective. Daly [39] proposes a non-linear model of sensitivity accordingly to the speed of motion. In our work, we use a simplified version: the primary motion feature is the magnitude of residual motion (3) in a given pixel, and leave the decision on the saliency of the patch to the CNN classifier. For spatial primary features we resort to the work in [37] which yeilds coherent results accordingly to our studies in [26] .
Primary spatial features
The choice of features from [37] is conditioned by relatively low computational cost and their good performance we have stated in [26] . The authors propose seven color contrast descriptors. As the color space 'Hue Saturation
Intensity' (HSI) is more appropriate to describe the perception and color interpretation by humans, the descriptors of the spatial saliency are built in this color space. Five of these seven local descriptors depend on the value of the hue, saturation and/or intensity of the pixel. These values are determined for each frame I of a video sequence, from a saturation factor f sat and an intensity factor f int , calculated using the equations (4), (5):
Here Sat(I, i) is the saturation of the pixel i at coordinates (x i , y i ) and the value at Sat(I, j) is the saturation of the pixel at coordinates (x j , y j ) adjacent to the pixel i. The constant k min = 0, 21 sets the minimum value for the protection of the interaction of pixel i when the saturation approaches zero [37] . Contrast descriptors are calculated by equations (6. . . 13):
1. color contrast: the first input of the saliency of a pixel is obtained from the two factors of saturation and intensity. This descriptor X 1 (I, i) is calculated for each pixel i and its eight connected neighbors j of the frame I, as in equation (6):
2. hue contrast: a hue angle difference on the color wheel can produce a contrast. In other words, this descriptor is related to the pixels having a hue value far from their neighbors (the largest angle difference value is equal to • ), see equation (7):
The difference in color ∆ hue between the pixel i and its neighbor j = 8 is calculated accordingly to equations (8) and (9) :
3. contrast of opponents: the colors located on the opposite sides of the hue wheel creating a very high contrast. An important difference in tone level will make the contrast between active color (hue < 0, 5 180 • ) and passive, more salient. This contribution to the salience of the pixel i is defined by equation (10):
if Hue(I, i) < 0.5 and Hue(I, j) ≥ 0.5
4. contrast of saturation: occurs when low and high color saturation regions are close. Highly saturated colors tend to attract visual attention, unless a low saturation region is surrounded by a very saturated area. It is defined by equation (11):
with ∆ sat denoting the saturation difference between the pixel i and its 8 neighbor j, see equation (12):
5.contrast of intensity: a contrast is visible when dark colors and shiny ones coexist. The bright colors attract visual attention unless a dark region is completely surrounded by highly bright regions. The contrast of intensity is defined by equation (13):
With ∆ int denotes the difference of intensity between the pixel i and its 8 neighbor j
6. dominance of warm colors: the warm colors -red, orange and yelloware visually attractive. These colors (hue < 0.125 45 • ) are still visually appealing, although the lack of contrast (hot and cold colors in the area) is observed in the surroundings. This feature is defined by equation (15):
7. dominance of brightness and saturation: highly bright, saturated colors are considered attractive regardless of their hue value. The feature is defined by equation (16):
The normalization (V 1···5 (I, i) = X1···5 |ηi| ) of the first five descriptors (X 1···5 ) by the number of neighboring pixels (|η i | = 8) is performed. In [26] , [39] it is reported that mixing a large quantity of different features increases the performance of prediction. This is why it is attractive to mix primary features (1-7) with those which have been used in previous works of saliency prediction [32] , that is simple RGB planes of a video frame.
The network design
In this section we present the architecture of a deep CNN we designed for our two class classification problem: prediction of a saliency of a patch in a given video frame. It includes five layers of convolution, three layers of pooling, five layers of Rectified Linear Units (RELU), two normalisation layers, and one layer of Inner product followed by a loss layer as illustrated in Figure 2 . The final classification is ensured by a soft-max classifier in equation (17) . This function is a generalization of the logistic function that compresses a vector of arbitrary real values of K dimension to a vector of the same size but with actual values in the range (0, 1). Figure 3 shows the order of layers in our proposed network. The CNN architecture was implemented using the Caffe software [4] . We created our network architecture made on three patterns (see figure   3 with a step of normalisation between each one. Each pattern contains a linear/nonlinear cascading operation (convolution, pooling, RELU). For the first pattern we chose a cascading operation different than the two following patterns.
The first operation cascade is represented as the succession of convolution layer, pooling layer followed by a RELU layer. In fact, the applying of the pooling operation before the RELU layer does not change the final results because the two layers compute the function of maximum, however, it ensures the decrease of the execution time of the prediction as the step of pooling reduces the number of nodes. The two convolution layers stacked before the pooling layer for the followed pattern ensures the development of more complex features that will be more "expressive" before the destructive Pool operation. In the following, we will describe the most crucial layers which are convolution, pooling and local response normalisation. 
with X l j : the activity of the unit j according to the layer l, X i represents a selection of the input feature maps, B l j is the additive bias of the unit j in the features maps of the layer l, ω l ij : presents the synaptic weights between unit j of the layer l and l − 1.
Pooling layers
To reduce the computational complexity for the upper layers, and provide a form of translation invariance, pooling summarizes the outputs of neighboring groups of neurons on the same kernel map. The size of the region of 'pooling' reduces the size of each feature map as input by the acquisition of a value for each region. We use max-pooling, see equation (19):
Here N denotes the neighbourhood of (x,y).
Local response normalization layers
LRN layer normalizes values of feature maps which are calculated through the neurons having unbounded activations to detect the high-frequency characteristics with a high response of the neuron, and to amortize answers that are uniformly greater in a local area. The output computation is presented is presented in equation 20:
Here U
x,y f represents the value of the feature map at (x, y) coordinates and the sums are taken in the neighbourhood of (x, y) of size N ×N , α and β regulate normalisation strength.
Training and validation of the model
To solve the learning problem and to validate the network with the purpose to generate a robust model of salient area recognition, the solver of Caffe [4] is iteratively optimizing the network parameters in forward-backward loop. The optimisation method used is that one of stochastic gradient. The parameterization of the solver requires setting the learning rate and the number of iterations at training and testing steps.
The numbers of training and testing iterations are defined according to the "batch size" parameter of Caffe [4] . The batch size presents the number of images that is salient and non-salient patches in our case, processed at an iteration.
This number depends on two parameters:
• The power of the GPU/RAM of the used machine,
• The number of patches available for each database.
The number of iterations is computed according to equation (21):
iterations numbers = epochs × T otal images number batch size (21) here batch size represents the number of images for each network switching, epochs presents how many times the totality of the dataset is switched by the network.
It is interesting to visualize the purely spatial features computed by the de- 
Generation of a pixel-wise saliency map
The designed and trained Deep CNN predicts for a patch in a video frame if it is salient for a human observer. Despite the interest of this problem for selection of important areas in images for further pattern recognition tasks, for finer, pixel-wise saliency prediction in video, the transformation of sparse classifier responses into a dense predicted saliency map is needed. The response for each patch is given by the soft-max classifier, see figure 2 and equation (17) in section 3.3. The value of classifier which is interpreted as a probability to belong to the saliency class, can be considered as a predicted saliency of a patch. Then a Gaussian is centred on the patch center with a pick value of 
Experiments and results

Datasets
To learn the model, we have used two different datasets, the IRCCYN [40] and the HOLLYWOOD [41] [42].
IRCCYN database contains 31 SD videos and gaze fixations of 37 subjects.
From the overall set of 7300 frames, we have extracted 6837 salient patches and 6741 non-salient patches. We have used 10850 patches (5454 were salient and 5396 were non-salient) at the training step. For the testing step we have used 
Evaluation of patches prediction with deep CNN
The network was implemented using a powerful graphic card Tesla K40m and processor (2 × 14 cores). Therefore a sufficiently large amount of patches, 256, was used per iteration, see the batch size parameter in equation (21) . After a fixed number of training iterations, a model validation step is implemented.
At this stage the accuracy of the model at the current iteration is computed. 74.8% (#3000) 76.6% (#3000)
71.6% ± 0.018 73.2% ± 0.020
In the IRCCYN database, we found a higher accuracy with both models used. The maximum value of accuracy obtained on the IRCCYN dataset is 89.5% at the iteration 15000 with the 3k model and 89.2% at the iteration 13000 on the 4k model, see table 4. We can explain the not improvement of the accuracy by the low number of videos in the IRCCYN dataset [43] .
For the HOLLYWOOD database, adding residual motion map improves the accuracy with almost 2% on the 4k model compared to the 3k model. The resulting accuracy of our proposed network along a fixed number of iterations shows the interest of adding the residual motion as a new feature together with spatial feature maps R, G and B. Nevertheless, the essential of accuracy is obtained with purely spatial features(RGB). This is why we add spatial contrast features which have been proposed in classical visual saliency prediction framework [37] in the second experiment below.
Second experiment. The second experiment for saliency prediction is con- avg ± std 71.6% ± 0.072 73.6% ± 0.060 70.1% ± 0.067 73.5% ± 0.078 70.5% ± 0.068
Evaluation of predicted visual saliency maps
In the literature, various evaluation criteria were used to determine the level of similarity between visual attention maps and gaze fixations of subjects like the In table   7 we compare all our predicted saliency models with gaze fixations. It comes out that more complex models yield better results: up to 42% of improvement in clipTest250. The quality of the prediction of patches (see table 4 , 5 and figure 11 ) DeepRGB8K outperforms DeepHSV8k. Therefore, for comparison with reference models from the state of the art, GBV S, SignatureSal and spatio-temporal model by Seo [25] , named "Seo" we use DeepRGB8K model, see table 9 below. When applying a supervised learning approach to visual saliency prediction in video, one has to keep in mind that gaze-fixation maps, which serve for selection of training "salient" regions in video frames, not only express the "bottom-up" attention. Humans are attracted by stimuli, but in case of video when understanding a visual scene with time, they focus on the objects of interest, thus reinforcing the "top-down" mechanisms of visual attention [33] .
Hence, the prediction of patches of interest by a supervised learning, we mix all mechanisms: bottom-up and top-down.
In order to re-inforce the bottom-up sensitivity of HVS to contrasts, we completed the input data layers by specific contrast features well studied in classical saliency prediction models. As we could not state the improvement of performance in prediction of saliency of patches in video frames in average (see 
Conclusion
Hence, in this paper, we proposed a deep convolutional network to predict salient areas (patches) in video content and built dense predicted visual saliency maps upon them. We built an adequate architecture on the basis of Caffe CNN.
While the aspiration of the community consisted in the use of primary features such as RGB planes only for visual attention prediction in images, we have shown that for video, adding of features expressing sensitivity of the human visual system to residual motion, is important. Furthermore, we also completed the RGB pixel values by low-level features of contrast and colour which are easy to compute and have proven efficient in former spatio-temporal predictors of visual attention. The results are better, nevertheless, the gain is not strong.
